Abstract-Hyperspectal data contain more useful information for characterizing vegetation biomass, compared with multispectral data. However, to make full use of the hyperspectral data, the strong multi-collinearity in the data is supposed to be taken into account. With this study we evaluated three multivariate regression methods which are principal component regression (PCR), partial least square regression (PLSR) and stepwise multiple linear regression (SMLR). They are specifically designed to deal with multi-collinearity problem. Furthermore, to identify reliable winter wheat biomass predictive models different types of spectral transformations (continuum removal, first derivative) were combined with the three regression methods, respectively. 
INTRODUCTION
Crop aboveground biomass (below referred to as biomass) is an important indicator to reflect crop growth condition. For efficient farmland management, farmers need crop biomass information at early growth stages for guiding the fertilizer supply within fields in order to achieve optimal growth. Towards the end of the growing stage, such information is required for an early yield prediction [1] . The development of hyperspectral sensors, which offer an approximately contiguous spectrum defined by a large number of spectral bands [2] , open a new perspective for quantifying physical attributes of vegetation. The vegetation biomass estimation is mainly based on the relationships between the spectral data or their transformations and biomass. In order to take the strong collinearity of spectral data into account, principal component regression (PCR), partial least square regression (PLSR) and stepwise multiple linear regression (SMLR) are widely used to estimate vegetation biophysical variables [3] [4] [5] or leaf pigmentation [6] [7] [8] . To enhance the features of vegetation spectra, different types of spectral transformations have been proposed, such as first derivative, continuum removal [9] . Research that systematically addresses the combination of the three regression methods and these spectral transformations on their performance in estimating vegetation biomass from hyperspectral remote sensing data is rare.
The objective of the study was to evaluate the performance of the respective combination of three techniques (PCR, PLSR and SMLR) and three spectral transformations (untransformed spectra, first derivative and continuum removal) for modeling the vegetation biomass from field spectrometer data.
II. MATERIAL

A. The study area
The study site is located in Tongzhou district(latitude 39°36' to 40°02'N, longitude 116°32′ to 116°56′ E) and Shunyi district(latitude 40°00' to 40°18'N, longitude 116°28' to 116°58' E), Beijing, China. Tongzhou district covers an area of 907 square kilometers. This district belongs to continental monsoon climate zone and is influenced by winter and summer monsoon. The average annual temperature is 11.3℃ and average annual precipitation is approximately 620mm. Shunyi district covers an area of 1020 square kilometers. This district has a warm temperate semi-humid continental monsoon climate. The average annual temperature is 11.5℃ and average annual precipitation is approximately 625mm with 75% distributed in summer.
The main cultivars of winter wheat planted are Nongda 211 (erectophile), Zhongyou 206(middle), Jingdong 8 (middle) and Jing 9428 (planophile) in the two districts. Farmlands are decentralized and each farmland is planted by different farmers. It results in difference to some extent in planting cultivar, planting density and farmland management mode.
B. Field data collection
The campaigns were carried out during the typical winter wheat growing season of 2008 and 2009. For the 2008 campaign, the actual dates were from 27 March to 13 May. For the 2009 campaign, the actual dates were from 1 April to 18 May. In every campaign, farmland region in which winter wheat grew uniformly was selected as a plot for canopy spectral measurements. All canopy plots of 0.5 m × 0.5 m were selected randomly. A total of 108 plots and 102 plots were generated in 2008 and 2009, respectively.
A high spectral resolution spectrometer, ASD FieldSpec Pro spectrometer (Analytical Spectral Devices, Boulder, CO, USA) was used to take in-situ canopy spectral reflectance. The ASD spectroradiometer covers the range from 350 nm to 2500 nm with a spectral sampling of 1.4 nm in the 350-1000 nm range, 2 nm in the 1000-2500 nm. The results were then interpolated by the ASD software to produce readings at every 1 nm. To minimize atmospheric perturbations and BRDF effects, all canopy spectral measurements were taken on a clear day with no visible cloud cover between 10:00 a.m. and 14:00 p.m. (Beijing Local Time). The sensor, with a field of view 25
。 , was handheld approximately 1.3m above ground (the height of the wheat is 90±3cm at maturity) at the nadir position. The 10 replicate spectral measurements taken from each plot enabled us to suppress much of the measurement noise by averaging the replicate measurements. The spectral regions with wavelength of 400-1350 nm with high signal to noise ratio were used for the analysis. To further minimize noise in the measured reflectance spectra. A moving SavitzkyGolay filter [10] with a frame size of 15 data points (2 nd degree polynomial) was applied to the averaged reflectance spectra to denoise the spectra. Prior to each reflectance measurement, the radiance of a white standard panel coated with 40 cm × 40 cm BaSO 4 with a known reflectivity was recorded for normalization of the target measurements.
The aboveground biomass was clipped in each plot after ASD measurements and taken back to obtain dry weight using traditional agronomic methods. Aboveground biomass was determined by dividing the weight of the dry winter wheat by the surface area of the plot.
III. METHODS
A. General workflow
The general workflow of the study is showed in Fig.1 .The workflow mainly consists of three parts. The first part is field data collection (the collection of canopy spectral data and the corresponding winter wheat biomass). The second part is spectral transformation which includes first derivative and continuum removal. For comparison, original (untransformed) data (Ori) were also analyzed. The third part is regression analysis which contains three methods. They are principal component regression (PCR), partial least square regression (PLSR), and stepwise multiple linear regression (SMLR). The three transformations were combined with the above three regression methods, respectively. 
B. Principal component regression(PCR)
The basis of principal component regression (PCR) is principal component analysis (PCA) which is effective for compressing multi-dimensional data. The main objective of the PCA is to find a lower dimensional representation that can account for most of the variance of the spectral covariance matrix of a dataset [11] . Based on PCA, the main spectral variation is described by several orthogonal regression factors. These factors are then used to establish estimation model.
C. Partial least squares regression(PLSR)
Partial least squares regression (PLSR) is a technique that reduces the large number of measured collinear spectral variables to a few non-correlated latent variables or factors [12] . The factors represent the relevant information in the measured canopy spectral reflectance and are used to predict the dependent variable (here, winter wheat biomass). Although PLSR is closely related to PCR, PLSR actually uses the response variable information during the decomposition process that is different with PCR [13] .
D. Stepwise multiple linear regression(SMLR)
A primary hypothesis in stepwise multiple linear regression is that only a subset of all available wavelengths have a significant explanatory effect on the response variable [14] .SMLR starts with no predictors (wavelengths) in the regression equation, and at each step it adds the most statistically significant wavelengths (highest F-value or lowest p-value) and remove insignificant wavelengths (lowest F-value or highest p-value) [15] .This procedure will stop until no further entry or removal of wavelengths. In this study, the p-values to enter and remove wavelengths were set at 0.05 and 0.1. The selected wavelengths were used to establish linear regression model.
E. Spectral transformation
Towards to discrete spectral data, first derivative is approximated with first difference by calculating differences in reflectance between adjacent wavelengths. Compared to original spectral data, first derivative spectra are more insensitive to variation in soil background, illumination and so on [16] .
The main purpose of continuum-removal is the minimization of effects that extraneous factors may have on reflectance spectra to highlight absorption features. The continuum initially defines a convex hull over the top of a spectrum utilizing straight-line segments that connect local spectral maxima. The continuum-removed reflectance at a certain wavelength is calculated by dividing the original reflectance value by the values of the continuum line at the corresponding wavelength.
F. Validation
The samples collected in 2009 were used calibration data set, and the samples collected in 2008 were used as independent test data set. Regression analyses were performed on the training data set. Empirical validation of the regression models were carried out using the test data set. Using a completely different and independent test data to test the performance of model is important in determining a model's long-term stability. The performances of the various regression models were compared using the coefficient of determination (R 2 ), root mean square error (RMSE, equation (1)) and mean absolute error (MAE, equation (2)).
where Y est is the estimated biomass; Y mea is the measured biomass, and n is the number of sample.
IV. RESULTS AND DISCUSSION
Before conducting PCR and PLSR, the data including spectral data and measured biomass data were mean-centered. For PCR, the number of component used in model was decided according to the percentage of accumulated variance. In this study, the threshold of this percentage was set to 99%. For PLSR, the leave-one-out cross-validation method was used to select the optimal number of factors to be included in the regression model. To prevent collinearity and to preserve model parsimony, the condition for adding an extra factor to the model was that it had to reduce the root mean square error of cross-validation (RMSECV) by>2% [17] .The RMSECV was determined from the residuals of each crossvalidation phase.
The performance of models based on respective combination of the three investigated regression methods and spectral transformations was shown in table Ⅰ. As shown in table Ⅰ ,among the models based on the respective combination of three spectral transformations and PLSR, the model based on the combination of PLSR and continuum removal reached the highest estimation accuracy. The model based on the combination of SMLR and continuum removal achieved the intermediate estimation accuracy. The model based on the combination of PCR and continuum removal got the lowest result. Generally compared with the models based on respective combination of the three regression methods and continuum removal, the models based on respective combination of the three regression methods and first derivative got lower estimation accuracy. The models based on the respective combination of the three regression methods and untransformed spectra which worked as baseline got the lowest estimation accuracy. But the model based on the combination of SMLR and FD did not improve the estimation accuracy, compared with the model based on the combination of SMLR and Ori. The main reason for it is that SMLR is more sensitive to noise in spectra than the other two regression methods, while the first derivative of spectral data is also sensitive to noise in spectra. The combination of SMLR and FD will largely affected by the noise in spectral data, So the model based on the combination of the two got the much lower estimation accuracy. According to the experimental results, it was obvious that continuum removal of spectra was more suitable for establishing winter wheat biomass estimation model than first derivative. First derivative was better than untransformed spectra. Some literature pointed that there is deepening and widening of the red absorption pit with an increase in vegetation biomass [18, 19] . The continuum removal and first derivative enhanced the absorption feature. So the models based on the respective combination of the two transformations and the three regression methods got higher estimation accuracy than the models based on respective combination of untransformed spectra and the three regression methods. Amongst the three regression methods, PLSR performed best. SMLR performed somewhat better than PCR. It could come to a conclusion that PLSR was useful to deal with multi-collinearity of hyperspectral data and a good choice to establish winter wheat biomass model.
V. CONCLUSION
To make full use of hyperspectral data and establish reliable winter wheat biomass estimation model, the present study has compared and analyzed the predictive performance of the models based on the respective combination of the three multivariate regression methods (PCR, PLSR, and SMLR) and the three spectral transformations (untransformed spectra, first derivative, and continuum removal). The most important conclusions that can be drawn from this study are as follows: (1) . The continuum removal and first derivative of spectra could enhance the absorption feature. The two spectral transformations could reflect more information than original spectra, especially the continuum removal. (2) . Amongst the three multivariate regression methods, PLSR was recommended to deal with the multicollinearity problem of hyperspectral data. (3). The model based on the combination of the continuum removal and PLSR got the highest estimation accuracy for winter wheat biomass.
